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On the last decades, there is an increased trend towards energy markets due to the 
commodity financialization, as a number of researchers and investors try to identify the 
potential inter-dependencies between commodities and the stock market. That inter-
relations become of paramount importance in Europe as a result of high financial 
integration among countries. In terms of risk and portfolio management, there is an 
exhaustive effort of stakeholders to examine the potential excess return and 
diversification benefits that commodities could add to different portfolio combinations. 
This dissertation aims to investigate whether a potential investor is better off including a 
commodity on his/her portfolio and simultaneously to determine if dynamic portfolios, 
in terms of time-varying volatility, outperform static ones. On this context, different 
econometric models were used, under the mean-variance framework with a certain level 
of risk-aversion, and a combination of different portfolios, including Brent two stock 
indexes and a risk-free asset, were constructed. Furthermore, the optimization strategies 
were separated regarding the perspective of a potential investor towards maximizing 
returns or minimizing the risk of the portfolio. The empirical results indicate that both 
objectives hold, implying that adding Brent to a portfolio while also implementing 
dynamic asset allocation strategies, enhances portfolio optimal risk-return tradeoff and 
offers diversification benefits to a potential investor. Moreover, the robustness of the 
results is confirmed across in-sample and out-of sample analysis, and rebalancing 
strategies with respect to transaction costs. 
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1. Introduction  
During the last decades, there is an increased interest for energy markets 
worldwide, mainly because energy plays a vital role on every sector (from production to 
transportation), as well as on the everyday life (households needs), and as a result it 
becomes an important geopolitical subject for any country or interested party, while also 
it affects directly the economic relations between stakeholders (Tsakalos et al., 2015), 
with paramount importance for most of the economies around the globe (Sukcharoen et 
al., 2014). That trend becomes of great importance for the European Union , due to the 
fact that Europe is heavily dependent on crude oil, accounting for one third of the gross 
energy consumption, while also relying on imports to cover 88% of its crude oil demand 
(Cambridge Econometrics, 2016). For that reason, it is clear that oil price fluctuations 
affect every aspect of the economy in Europe, especially with the increased 
financialization of the crude oil markets, which strengthened the inter-relations of oil 
with other sectors, having an impact on costs and inflation (Cheng and Xiong, 2014). 
Overall, a number of researchers have examined the inter-relations between 
crude oil and the European stock market from different perspectives including 
macroeconomic, econometric analysis, risk, and portfolio management. In terms of 
portfolio selection and diversification, various studies have tried to identify the potential 
economic value that an investor could benefit from, when adding commodities on 
his/her portfolio, producing mixed results (Conover et al., 2010; Cotter et al., 2017; 
Daskalaki and Skiadopoulos, 2011; Georgiev 2001). On the same time, volatility 
measurement becomes of great important on energy markets because commodities 
usually suffer from high volatility and non-linear dynamics (Nomikos and Pouliasis, 
2010) and are influenced by supply and demand, uncertainty, seasonality, geopolitical 
risk and financialization (Adams et al., 2020; Zhang et al., 2020).   
Nevertheless, to the best of the author’s knowledge, this dissertation is the first 
attempt to examine the effect of the time-varying volatility strategies and 
simultaneously, the potential benefits that an investor could gain adding a commodity to 
his/her portfolio on the European level. The aim of this dissertation is to investigate 
whether these two objectives hold on the European stock market so that a potential 
investor, firm, or institution could benefit by implementing those strategies in terms of 
excess return, portfolio efficiency and diversification benefits. For that reason, a 
potential investor is considered who uses a unique portfolio, focused on the European 
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stock market, including Brent (the European oil price benchmark), the MSCI Europe 
Energy Index, which is a leading stock index for the European energy sector, the 
Eurostocks 50 stock index, which provides representation of blue-chip companies for 
different European supersectors and a risk-free asset (on this case the U.S 3-month 
treasury bill). In this line of reasoning, twenty-two different portfolios are considered 
depending on whether they include the commodity (Brent), or whether they follow a 
static or dynamic approach. Regarding the time-varying volatility, a number of different 
models are constructed including rolling estimation models, EWMA (Exponentially 
Weighted Moving Average) models, and a multi-variate GARCH model. The existing 
portfolios are further separated into two sub-categories depending on the optimization 
strategy of an investor (return maximization or volatility minimization). Furthermore, 
the performance fees that a potential investor is willing to pay in order to switch to the 
optimal portfolio are calculated, while on the last section of the empirical results a 
robustness check is performed in order to examine the impact of transactions costs on 
dynamic portfolios.  
The contributions of this dissertation are several. First, the role of Brent in terms 
of portfolio diversification and excess return benefits that a potential investor could 
achieve is analyzed in-depth on this study pointing out alternative investment strategies 
that could occur. Especially in Europe, where there is a high level of financial 
integration and subsequently financial contagion during crisis periods, as well as a 
heavy reliance on oil imports, that analysis becomes much more important. Second, the 
inter-relations between Brent and the European stock market are examined, by the 
construction of the aforementioned portfolios, and the optimal weights of the 
econometric models are calculated quantifying these inter-dependencies on a practical 
way. Third, the benefits of dynamic portfolio strategies over static ones are investigated, 
with respect to volatility timing, further addressing the impact of weekly rebalancing of 
portfolio weights on the excess returns and the optimal risk-return tradeoff that a 
potential investor could achieve by implementing those strategies, while on the same 
time calculating the corresponding performance fees in order for an investor to switch to 
the optimal portfolio. Last but not least, the robustness of the conclusions is assessed 
through the comparison of in-sample and out-of sample analysis, as well as the 
sensitivity of the results on the presence of transaction costs. 
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The remainder of this paper is structured as follows. Chapter 2 provides the 
relevant prior literature to financial markets, their dependencies with oil, and the 
volatility models contributing to the portfolio optimization. Chapter 3 provides the 
necessary methodology regarding the mean-variance analysis and the econometric 
models that will be used. Chapter 4, starts with the dataset selection and preliminary 
analysis, followed by the empirical analysis and the estimation results. Finally, Chapter 
5 includes the conclusions of the analysis as well as potential limitations of the current 

























2. Literature Review 
2.1 Oil and stock market inter-relations 
 In order to better understand the inter-dependencies between oil and the 
European stock market, it is important to mention the origins of oil price shocks that 
affect the economic activity. More specifically, different shocks on the oil market tend 
to provoke different effects on the stock market, an important implication which is not 
always considered from the literature. Hamilton (2009a,b) distinguished the oil shocks 
into demand-side oil price shocks, which are caused by a sharp increase on demand, and 
supply-side oil price shocks, while Kilian (2009) introduced a third sub-category, the oil 
specific demand shocks, which are caused by the uncertainty about the future 
availability of oil (Degiannakis et al., 2014). Moreover, Gogineni (2010) comes to the 
conclusion that the correlation between industry returns and oil price changes depend on 
cost-side and demand-side dependence on oil and the correlation varies according to the 
oil intensity of each sector. Additionally, there is an extensive literature about the 
effects of these shocks on the economy, with Hamilton (2009a,b) suggesting that oil 
price shocks have been mainly demand driven on the last decades and supply-side 
shocks doesn’t seem to have an impact on the economy. Similar results were suggested 
by other researchers, implying that oil supply- side shocks have insignificant results to 
the economy, while demand-side shocks and oil-specific demand shocks have either a 
positive or negative effect on the economy (Kilian and Park, 2009), (Filis et al., 2011), 
(Basher et al., 2012).  
 On this line of reasoning, the literature regarding the European stock market 
generates mixed results. A number of researchers focused on the sector specificity to 
examine whether oil price changes affect the stock market, suggesting that oil-related 
sectors are positively affected in the case of a positive oil price change (Faff and 
Brailsford, 1999) while oil-intensive sectors tend to be negatively impacted (Scholtens 
and Yurtsever, 2012), (Arouri, 2011). Also, Arouri et al.,(2011) found a one-way 
relationship between oil and European stock market, while European stock indices were 
found to have an impact on oil prices (Arouri and Nguyen, 2010). Furthermore, Bouri et 
al., (2016) argue that Brent oil returns Granger cause stock market and oil-related 
sectors returns, while Ferson and Harvey (1995) found evidence that oil price risk 
factors have a significant influence on equity markets. Additionally, the correlation of 
oil prices and stock market was found to vary substantially during different time spans, 
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and especially be higher on crisis periods (Degiannakis et al., 2013). Nevertheless, 
contradictory results were found on a number of papers, when Jones and Kaul (1996) 
and Sadorsky (1999) argue that there is a significant negative correlation between oil 
prices shocks and stock market returns, while Lee and Chiou (2011) found evidence that 
this negative relationship exists only on periods of high oil price fluctuations. That 
rationale is mainly based on the argument that oil prices are directly or indirectly 
affecting the structure costs of firms, leading to smaller revenues and so on depreciated 
earnings and decline on stock prices (Arouri and Nguyen, 2010; Nandha and Faff,  
2008). On the other hand, Huang et al., (1996) and Sadorsky (2001) find the existence 
of a significant positive relationship. Moreover, a number of researchers argue that there 
is a non-linear relationship between crude oil and stock markets (Taylor and Sarno, 
2001), (Nusair, 2013), while Ajmi et al., (2014) found out that this non-linear trend is 
more significant regarding Brent oil prices. A similar result was confirmed by Lin et al., 
(2019) who claim that during periods of extreme events there is a unidirectional 
relationship from European stock markets to the Brent crude oil market. Finally, a 
number of papers suggest that although oil price movements are affecting the 
performance of individual stocks, that is not the case regarding stock market indices, 
which are statistically uncorrelated to oil price shocks (Huang et al., 1996; Apergis and 
Miller, 2009). However, stock markets indices especially in Europe seem to be stronger 
correlated on periods of oil price decreases than increases because they have a left-tail 
distribution and so on oil price decreases have a more adverse impact on the economy 
(Sukcharoen et al., 2014). That conclusion could be explained by the fact European 
countries heavily rely on oil imports, but also according to European Commission 
(2008): “EU is better prepared for economic shocks, such as oil price and currency 
market shocks”. 
 Taking into consideration the aforementioned inter- relations between crude oil 
and the stock market in Eurozone, it becomes of great importance for a potential 
investor, firm to examine in-depth these dependencies in order to be aware of the 
potential risk of an investment or even its entire portfolio. More specifically, because 
crude oil is the most important fossil fuel for power generation but also transportation, 
oil prices become of paramount importance during the evaluation of investment 
decisions and costs on the European Union (Zhang and Sun, 2015), when Hammoudeh 
and Li (2005) argue that in oil-sensitive sectors investors should consider systematic 
risk as more important that oil sensitive, independently of the stock markets 
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fluctuations. Also, on the last decade the restructuring of energy markets in Europe has 
created new risk management needs for the construction of complex portfolios (Veka et 
al., 2012), and the consideration of oil price shocks can increase hedging accuracy on 
investors’ portfolios (Lee and Chiou, 2011). A number of researchers propose that 
increased energy prices lead to higher uncertainty and delay investment decisions 
(Bernanke, 1983), while others argue that have severe consequences on investments 
(Ratti et al., 2011), (Rahman and Serletis, 2011). Additionally, that uncertainty on 
energy markets can be explained on a great proportion from the stock market volatility 
(Bloom, 2009). 
 
2.2 Financial contagion and integration 
 Another important phenomenon that takes place in European countries and stock 
markets is the so- called financial contagion. Nevertheless, there is not a clear definition 
of what financial contagion is, with some researchers declaring that “it’s the 
phenomenon in which a financial crisis spreads across countries”, (Alexakis and 
Pappas, 2018), while others define it as “a rise in the probability that a country 
experiences a crisis given that a crisis is developing in another country”, (Eichengreen 
and Rose, 1999). Additionally, Guo et al. (2010) defines financial contagion as: “the 
increase of a cross-market linkage after economic shock occurs in one market”. This 
phenomenon seems to have a greater impact on the European Union, because the 
economic relations of these countries are much more intense compared to the rest of the 
world, due to the common regulatory framework, institutions and also the almost 
identical monetary policy (Alexakis and Pappas, 2018). That effect could also occur due 
to changes in asset value (Kiyotaki and Moore,2002),  or even when investors 
deleverage or unwind their positions on a portfolio when there are significant losses 
(Kodres and Pritsker, 2002). Furthermore, a shock in one market can drive investors to 
become more risk-averse on another market and so unsettle the current equilibrium of 
risk in all investments, while common economic shocks could lead to the bankruptcy of 
individual investors and firms causing severe consequences to the economy. Ye et al., 
(2016) found that the contagion effect was significant during the Eurozone crisis 
between Greece and all tested European markets, while Marcal et al., (2011) claim that 
crisis-affected countries are more vulnerable to contagion due to the increased co-
movement between markets on such periods. Karunaratne (2002), points out that 
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financial contagion constitutes a significant threat to the stability of global financial 
system, however financial markets tend to underestimate this type of risk that occurs 
from cross-correlations between countries (Armeanu et al.,2014).  
 A number of researchers have examined the linkages between financial 
contagion and financial integration. Financial integration is present to a great degree in 
EU for the same reasons that hold for financial contagion. Nevertheless, integration can 
boost the domestic markets’ performance and also contributes to the transmission of 
capital flows between countries as well as technological innovation (Oprea, 2017). 
Additionally, integration seems to increase investor’s leverage and lower his/her risk 
aversion among countries (Devereux and Yu, 2014). Zhaoqi (2009), found out that large 
growth stock portfolios are more integrated with the world than small ones, and also 
concluded that the conditional variance of asset returns, and the increased level of 
financial integration are significant identifiers of crises periods, and as a result can 
prevent contagion, on some extent. Also, Burzala (2016) argues that the rates of return 
in many European markets are more likely to react due to the interdependencies 
(integration), between different economies rather than as a contagion effect. On the 
other hand, Devereux, and Yu (2014) suggest that financial integration has certain 
disadvantages because it may increase crisis transmission, significantly increases global 
leverage for investors and substantially increases the contagion rates among countries. 
Moreover, the significance of time-varying integration is proposed by Gkillas et al., 
(2019) as the first step for investors to apply a successful risk management and portfolio 
optimization strategy. Finally, Devereux and Shuterland (2014), argue that the financial 
structure should be redesigned in order to consider the optimal trade-off between 
financial integrations gains and financial contagion consequences, and as Oprea (2017) 
points out, financial contagion is the most important cost of financial integration 
because integration may diversify risk but can also lead to crisis transmission. 
Overall, a number of papers contribute to the literature by examining the inter-
relations of oil with the stock market with respect to financial contagion. Hamilton 
(1996) and Hooker (2002) argue that increases in oil price have a negative effect on 
national economies, because there has an impact in domestic level production and 
output leading to decreased consumer demand. Moreover, Wen et al., (2012), found 
evidence that after the financial crisis there is an increased dependence between crude 
oil and stock market, lowering the diversification benefits due to the contagion, while 
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Rodriguez (2007) argues that increased tail dependence between crude oil and stock 
markets, could lead to underestimation of downside risk especially during a crisis 
period. 
 
2.3 Time-varying volatility and expected returns 
 A number of econometric models have been developed in order to measure 
volatility, starting with ARCH models (Engle, 1982), Generalized Arch models 
(GARCH), (Bollersev, 1986), exponential ARCH models, (Nelson, 1991), and 
stochastic volatility models to asset returns. From a financial perspective, volatility 
measures the dispersion of returns around a mean value, with higher volatility implying 
higher risk, and is usually measured as the standard deviation or variance of returns. 
Aktan et al., (2010), defines volatility as: “the measure of the intensity of random or 
unpredictable changes in asset returns”, and describes it as: “a fundamental 
characteristic of financial markets”. On the last decades, he integration of commodities 
into global markets is strengthened due to the financialization process of commodities 
(Zhang and Ji, 2019). However, the factors that traditionally influence the commodities 
market which are the fluctuations of supply and demand (Wu et al., 2020) have changed 
due to heavy investments on commodities on recent years, with new factors such as 
extreme price dynamics, short-term volatility and co-movements having a significant 
effect on commodity prices (Hu et al., 2020). Moreover, macroeconomic factors such as 
monetary policies and business cycles continue to affect commodity prices on the long-
term (Hu et al., 2020). A number of researchers argue that commodity market is an 
oligopoly and sellers mostly control the quality and quantity of supply (Deaton and 
Laroque, 1996), (Chambers and Bailey, 1996). On the other hand, more recent papers 
focus on the commodity demand as the main factor of increased commodity prices 
(Trostle, 2008), (Cevik and Sedik, 2011). That conclusion agrees with the findings of 
Jacks and Stuermer (2020), who argue that the impact of supply has steadily decreased 
for commodities. Finally, Hu et al., (2020) conclude that investors should take into 
account the correlation between commodity markets and macroeconomic factors in 
order to properly diversify potential risk on their investments. 
 The most important drivers of volatility in commodities except supply and 
demand and other macroeconomic measures are uncertainty, geopolitical risk, and 
commodity financialization. Regarding uncertainty and geopolitical risk Zhang et al., 
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(2020) and Ji et al., (2020) have found significant impacts on commodity prices from 
extreme events in Europe, such as the Eurozone debt crisis, Ukraine-Russia conflict and 
lately coronavirus. Also, Prokopczuk et al., (2019) argue that credit risk, financial 
market stress and industry conditions are main drivers of the commodity market 
volatility, while Antonakakis et al., (2017) come to the conclusion that geopolitical risk 
heavily influences the forecastability of crude oil prices. Researchers have also focused 
on commodity financialization as a driver towards commodities volatility. That 
volatility increases significantly as an increasing number of investors speculate on the 
commodity market (Deaton and Laroque, 1992,1996), when Hong and Yogo (2012) 
argue that there is a high positive correlation between interest rates and commodity 
prices. Furthermore, high frequency trading can make commodity prices deviate widely 
from fundamentals (Tang and Xiong, 2012) and stakeholders overreaction leads to 
irregular profits on these markets (Bahloul,2018). Unsurprisingly, the financialization of 
commodities affects commodity returns on a similar way, and studies have shown that 
growing financialization corroborates the relationship between commodities and stock 
returns (Buyuksahin and Robe, 2014). Adams et al., (2020) argue that excess return and 
volatility are mainly influenced by financial reasons after commodity financialization, a 
result that is confirmed by the findings of Reboredo and Uddin (2016), who also 
attribute this effect to the massive growth of commodity investments on recent years. 
Volatility measurement becomes of great importance on energy markets because 
commodities usually suffer from high volatility, non-linear dynamics and returns and so 
on estimating risk on these markets is challenging (Nomikos and Pouliasis, 2010). Also, 
volatility estimation is significant for derivatives and option pricing, optimal portfolio 
selection and risk management applications (Fleming et al., 2001). Nevertheless, as 
Karanasos et al., (2018) points out: “modelling the stochastic properties of financial and 
commodity returns as well as their cross-shock and volatility spillovers has drawn much 
attention to the fields of financial and energy economics”, because an in-depth analysis 
of these characteristics could improve the forecastability of market trends, and also 
examine whether there is the existence of diversification benefits. In this line of 
reasoning, more recent approaches have examined not only the statistical significance of 
volatility but also the economic value that time-varying volatility adds to portfolios, as 
diversification benefits. Pouliasis and Papapostolou (2018), argue that adding 
commodities to a portfolio strengthens risk-return trade-off, while also improves 
diversification benefits. A number of researchers have examined the economic value of 
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adding commodities to a portfolio with mixed results. More specifically, commodities 
can lower risk on a portfolio with the same returns (Bodie and Rosanky, 2001), lead to 
higher Sharpe ratios of the portfolio (Georgiev, 2001), while also acting as a hedge 
against inflation on high volatility periods, (Conover et al., 2010). On the other hand, 
other researchers doesn’t find significant results and suggest that commodities don’t 
improve the risk-yield relationship compared to traditional portfolios (Daskalaki and 
Skiadopoulos, 2011), while Cotter et al., (2017) suggest that combining commodities 
with an existing stock market portfolio doesn’t make room for new investment 
opportunities. 
Regarding commodity returns, a number of papers suggest that daily returns are 
characterized by stochastic volatility, (Tauchen and Pitts, 1983), (Andersen, 1996) 
while daily volatility is more persistent when calculating returns on longer time 
horizons (Glosten et al., 1993). However, Fleming et al., (2001) argue that calculating 
variation of expected daily returns is challenging and therefore makes the assumption 
that a potential investor would expect constant returns over the time period, but on a 
more recent paper, Fleming et al., (2003) suggest that using intra-daily returns to 
measure volatility , calculating high- frequency returns upon short intervals, defines a 
new concept called “realized” volatility, which improves the economic value of 
investment decisions. Previous research  by Andersen et al., (2001), Barndorff-Nielsen 
and Shepard (2001,2002) confirms the conclusion that intra-daily returns produce more 
efficient volatility estimators than daily ones. On the other hand, Aktan et al., (2010) 
assert that financial returns are not only leptokurtic, but also not asymptotically normal 
which makes them harder to model and therefore, makes the assumption that expected 
returns are constant through the sample period.  
 
2.4 Risk-free rate 
 Modern portfolio theory (MPT) derives from the mean-variance analysis 
introduced by Markowitz (1952). Following one of the main assumptions that investors 
are risk-averse, Markowitz equated risk with variance and derived an efficient frontier 
of portfolios which for a given level of risk, maximized potential investor’s returns. 
Based on this theoretical background, Sharpe (1964) and later Lintner (1965) added the 
concept of a risk-free asset as a capital market line leading to the well-known CAPM 
model, which is widely used by researchers and financial institutions. The existence of a 
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risk-free asset with constant yield, leads to the construction of all optimal portfolios 
which can be constructed when adding the risk-free asset by drawing the tangent from 
the y-axis to the efficient frontier. Along the capital market line, the returns are 
increasing linearly with risk (Luenberger, 1998) and also the one-fund theorem declares 
that any portfolio on the tangent can be constructed by combining the risk-free asset 
with the market portfolio (Tobin,1958), by taking into consideration the investor’s risk 
tolerance. The CAPM, although it is biased towards performance measures up to a 
certain level mainly due to the fact that contains the “market portfolio”, which is not 
observable by definition, is the most common tool for the evaluation of expected 
returns, investment decisions and performance among practitioners (Bruner et al., 
1998), (Graham and Harvey, 2001). On this line of reasoning, the expected return (or 
target return) of the assets for any portfolio is measured by subtracting the return from 
the risk-free asset from the asset returns.  
 Government bonds of the developed economies are the most common market 
benchmark, when assuming a risk- free asset, because they are considered to be free of 
default risk. For that reason, government securities (and mostly U.S Treasury securities) 
are widely used for pricing of other fixed income and non-fixed income securities, 
hedging, and constructing optimal portfolios based on a risk-free asset (Fleming, 2000). 
Additionally, Du et al.,(2018) argue that the short-term U.S Treasury securities remain 
of higher quality after the financial crisis leading to a higher risk premium, than other 















 On this chapter, the methodology employed on this research work will be 
presented. In particular, the means of analysis are separated into two sub-categories, i.e., 
the mean-variance framework following the standard Markowitz (1952) mean-variance 
portfolio analysis and a brief overview of the econometric models that will be 
implemented and tested. 
 
3.1 Mean-variance analysis 
 The utilization of the mean-variance analysis is relative in order to implement 
the asset allocation strategies. Therefore, these strategies are optimal if only the 
investors have logarithmic utility and also the first two moments characterize entirely 
the joint distribution of the returns (Fleming et al., 2001). Furthermore, as Fleming 
(2001) points out, the mean-variance analysis reveals the most common measures of 
portfolio performance while also, can quantify the proportion on which the risk aversion 
of a potential investor can affect volatility timing strategies. Moreover, it is important to 
mention here that the expected returns of an investor would be assumed as constant, 
because as Merton (1980) points out it is way more difficult to detect changes on 
expected returns that on volatility, so a constant conditional mean is assumed μτ=μ, an 
approach that was followed by a number of researchers (Fleming et al., 2001,2003), 
(Pouliasis and Papapostolou, 2018). Nevertheless, that approach could potentially lead 
to biased results, because theoretically there is a positive relation between expected 
returns and volatility. Therefore, the weights of the portfolio could increase/decrease 
disproportionally to volatility. However, this assumption of constant means, on the 
other hand, excludes the possibility of variation on expected returns affecting the 
results. 
 For the ensuing methodology framework, let Rt+1 represent the Nx1 vector of 
risky assets returns, with an expected value of μ=Ε[Rt+1] and a conditional covariance 
matrix Σt=Et[(Rt+1-μ)]. So, for each given date t, the optimization problem of the 
portfolio is: 
  min w’tΣtwt 
  s.t. w’tμ + (1-w’t1)Rf = μp,                                             (1)           
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where wt  is a Nx1 vector of the portfolio weights of risky assets, Rf is the return of the 
riskless asset and μp is the target expected return of the portfolio. If the optimization 
problem is solved then: 
  wt= (μp- Rf)Σt-1(μ-Rf1)/(μ-Rf1)’Σt-1(μ-Rf1),                      (2) 
delivers the weights of the risky assets, wt, while the weight of the riskless asset is 1-
wt’1. Using equation (2), an investor can identify the minimum conditional variance of 
the portfolio for any given return. However, an investor could utilize a different 
objective function for portfolio optimization, by setting a target volatility, σp, and 
implementing an excess return maximization strategy leading to a different allocation 
on the efficient frontier. On equation 3, the optimization problem is presented while 
equation 4 is the solution delivering the weights of the risky assets wt . 
                    max {μp,t+1 = w’t μt+1|t + (1-w’t1)Rf },  
                    s.t. (σp)2 =w’t Σt+1|t wt                                                      (3) 
      wt  = σpΣ-1t+1|t (μt+1|t – Rf) / [(μt+1|t – Rf1)’ Σ-1t+1|t (μt+1|t – Rf1)]1/2    (4) 
 
3.2 Performance measurement  
 In order to quantify the benefits of volatility timing strategies an investor should 
compare the dynamic strategies to the unconditional mean-variance efficient static 
strategies, that have the same target expected return and volatility (Fleming et al., 2001). 
If the performance of the risk-return tradeoff between these strategies remain 
statistically insignificant in-sample and out-of-sample analysis, then an investor could 
assume that volatility timing strategies do not provide any economic value. More 
specifically, the realized utility of an investor in period t+1 can be written as: 
  U(Wt+1) =WtRp, t+1 – λWt2/2*R2p,t+1 ,                               (5) 
where Wt+1 is the investor’s wealth at t+1, λ is the absolute risk aversion coefficient 
and: 
  Rp,t+1=Rf + w’trt+1 ,            (6) 
is the return of the portfolio at period t+1. If the investor’s wealth Wt is held constant to 
facilitate comparisons, that is equivalent to setting the relative risk aversion of the 
investor γt = λWt/(1-λWt), equal to a fixed value γ. Moreover, it is possible to use the 
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average realized utility 𝑈(∙), to estimate the expected utility generated by a given level 
of initial wealth, Wo, (Fleming et al., 2001, 2003; West, Edison, & Cho, 1993), 
  𝑈(∙)= Wo (∑ 𝑅𝑝,𝑡+1
𝑇−1
𝑡=0
- γ/2(1+γ) * R2p, t+1)                  (7) 
 The value of volatility timing can be estimated by equating the average utility 
function for a static and dynamic portfolio. On this occasion, Θ represents the maximum 
fee that an investor is willing to pay to switch from the static to the dynamic portfolio, 





- Θ) - γ/2(1+γ) * (Rd, t+1- Θ)2 =∑ R𝑠, t + 1𝑇−1𝑡=0 - γ/2(1+γ) * R
2
s, t+1 ,       (8) 
where Rd,t+1 and Rs,t+1 are the returns of the dynamic and static portfolio, respectively. 
 
3.3 Econometric models 
 The use of the appropriate econometric models is of paramount importance for 
an investor to capture the time evolution and behavior of not only the individual 
variances of assets but the degree of their comovements as well (Pouliasis and 
Papapostolou, 2018), before constructing the optimal portfolio. For this purpose, 
GARCH (Generalized) models were employed; based on the ARCH (Autoregressive 
Conditional Heteroskedasticity) parameterization, pioneered by the Nobelist Robert 
Engle on 1982 (Engle, 1982) and then generalized by Bollerslev, who developed the 
GARCH model (Bollerslev,1986).  
GARCH (1,1) models are also proposed by literature to be superior to other 
GARCH models explaining volatility  (Engle & Patton, 2001). These models have been 
extended to multivariate ones, to study the covariances and conditional correlations 
between asset returns (Bauwens et al., 2006). A brief description of the  specification 
employed on this study is presented below. However, for more technical details on 
GARCH and multivariate GARCH models the reader is referred to the papers of 
Engle(2002), Alizadeh et al.(2004,2008), Chang et al.(2010a, 2010b,2011) and 
Sadorsky (2006,2012) among others. 
 Let Rt represent the 1xN vector of asset returns at time t, 
  Rt=μt + εt ,  εt= ztΣt1/2                                                       (9) 
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where μt is the 1xμ vector of conditional means, Σt is the conditional covariance matrix, 
εt is a vector of innovations and zt represent standardized residuals. As mentioned 
above, expected returns are assumed to be constant over time (Merton, 1980) and on 
this line of reasoning, the optimal weights of the portfolio will vary only due to the 
changes on conditional volatility and conditional correlation. On the next step and for 
the second conditional moments, conditional correlations are based on the variance-
covariance matrix Σt. 
  Σt=DtPtDt,   Dt=diag(σ1t1/2,σ2t1/2,…,σΝt1/2)                        (10) 
where Dt is the NxN diagonal matrix of volatilities and Pt=[ρij,t] is the positive 
correlation matrix with ρii,t=1 for any value of i on a given time t. With this constraint 
the non-diagonal elements of the Dt matrix are defined as: [Dt]ij=σit1/2σjt1/2ρij,t, for i≠j. 
Finally, as mentioned above, the individual variances are based on a GARCH(1,1) 
model and as a result, the conditional variance of each component i of the portfolio on a 
given time t is: 
  σit=ζi + αi(Rit-1-μit)2+βiσit-1 ,                                             (11) 
where ζi>0 and αi,βi >=0 as non-negative constraints and also αi,βi<1 to achieve 














4. Results  
 On this chapter, the empirical results will be presented starting with the 
appropriate data selection and preliminary analysis. This is followed by the technical 
analysis of the dataset. Finally, empirical results are then discussed. 
 
4.1 Data and preliminary analysis 
 The empirical analysis is based on a portfolio consisting of three assets, the oil 
price of the European benchmark Brent, as long as two indexes, the MSCI Europe 
Energy Index and the Eurostocks 50 Index. The sample consists of the weekly stock 
prices of these three assets from 29/05/2009-31/07/2020, leading to a total of 584 
observations. The weekly stock prices were selected in order to eliminate the high noise 
of the daily stock prices, regarding volatility fluctuations. After the sample was set, an 
equation was generated using log price relatives (logs) in order to calculate the returns 
of the stock prices, because logarithmic function help to better interpret the results and 
also nominal values, like stock prices, are usually calculated upon returns. On Figures 
4.1,4.2 the stock prices and their respective returns are presented: 
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 On  Figure 4.1 it is easily concluded that none of the asset prices are stationary 
because they follow a random walk process, and have not a constant mean, variance, or 
covariance. Furthermore, as expected on Figure 4.2 the stationarity of the returns is 
implied due to the fact that the observations do not seem to follow an upward trend but 
rather circulate around a constant mean. Another important conclusion is that during the 
period mid-2014 until early 2016 the is a significant drop in stock prices of all assets 
(and unsurprisingly the volatility of returns is higher during that period), due to a 
number of factors including the appreciation of the U.S dollar by the Fed, the booming 
U.S supply of shale oil and a number of different OPEC regulations, which all of the 
above heavily impacted the oil price in European Union, who is a major oil importer 
and consequently the economic growth too. On Table 4.3 the Augmented Dickey-Fuller 
test (ADF) is performed to satisfy the stationarity of log returns, based on the Akaike 
criterion: 
Table 4.3 ADF Test 
 Brent returns MSCI 
returns 
Eurostocks 50 returns 
ADF t-stat: -7.508441 -16.48857 -23.43543 
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1% level: -3.977619 -3.977413 -3.977372 
5% level: -3.419371 -3.419276 -3.419250 
10% level: -3.312272 -3.132212 -3.132200 
Probability: 0.0000 0.0000 0.0000 
 
 From the ADF tests, it is observed that the logged returns of all the variables are 
significant and also the ADF t-statistic is more negative that the critical values at all 
significance levels, so the null hypotheses of the unit root existence is rejected at all 
cases. Therefore, the returns of all the variables are stationary and suitable for further 
analysis.  
 
4.2 Descriptive statistics 
On Figure 4.4 the descriptive statistics of the returns of the three assets are 
presented from the sample start until 08/03/2018, leading to a total of 479 observations. 
The reason is that the GARCH models are going to be constructed upon this time period 
and the last two years of the sample (104 observations), are going to be used as the 
forecast horizon for out-of-sample analysis. 
Figure 4.4 Descriptive statistics 
 
   
 The descriptive statistics indicate that the returns of the Eurostocks 50 Index 
offers the highest return with a mean of μ=0.0733% per week, followed by the Brent 
and finally the MSCI Index. On the other hand, Eurostocks 50 has the lowest standard 
RBRENT RMSCI REUROSTOCKS50
 Mean  0.000727  0.000358  0.000733
 Median  0.000465  0.002101  0.003401
 Maximum  0.148637  0.111280  0.103934
 Minimum -0.167945 -0.131612 -0.119260
 Std. Dev.  0.035887  0.028179  0.027033
 Skewness  0.010836 -0.397869 -0.407891
 Kurtosis  5.394953  4.994360  4.490018
 Jarque-Bera  114.4863  92.02126  57.59280
 Probability  0.000000  0.000000  0.000000
 Sum  0.348108  0.171651  0.351128
 Sum Sq. Dev.  0.615614  0.379551  0.349313
 Observations  479  479  479
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deviation, with a value of σ=2.7033% per week, leading to the result that this asset has 
the lowest level of risk included and as a result represents the optimal risk-return 
tradeoff among assets. Furthermore, the assets are not following closely the normal 
distribution, however there is a good approximation due to the mean values close to 0 
and the standard deviations ones fairly close to 1. Also, the skewness values are close to 
zero and more specifically the probability of extreme positive events on stock returns is 
present for the Brent returns, while negative returns are more probable on both index 
returns. Finally, the kurtosis of the Brent returns are higher than the other assets (but 
still fairly close to 3), indicating that the possibility of extreme events is more likely, a 
result that is confirmed by the higher standard deviation of Brent among assets, and also 
was expected because financial returns are leptokurtic. 
 
4.3 EWMA 
 On this section, the annualized volatilities of the securities will be presented 
over the sample start period until 08/03/2018, with respect to the Exponentially 
Weighted Moving Average Volatility (EWMA) and the lambda factor as proposed by 
J.P Morgan in 1994. The estimation of EWMA is necessary to evaluate the risk of 
exposure to the market that a potential investor is exposed to and in order to evaluate 
this type of risk the variance of returns has to be estimated using equation 12: 
          σ2=(1-λ)*R2t-1+ λ*σ2t-1                                                               (12) 
Equation 12 gives the variance (σ2) of the returns, as a function of λ, based on 
the returns of the previous time period (Rt-1), and the variance of the previous time 
period too (σ2t-1). Lambda takes values 0<λ<1, and measures the dependence of the 
variance from price returns and the variance of the previous time period. It is clear that 
bigger values of λ indicate that the sample has stronger memory (the autocorrelation of 
observations t,t-1 is higher), while lower values indicate that the memory of past 
observations is not so strong. Practically, that means that a given shock on the price (an 
unexpected change, spike), is easier absorbed from the market and so leads to higher 
volatility. Three lambda values of λ=0.85 , λ=0.90, λ=0.95 are going to be used and the 





Figure 4.5 Annualized volatilities for λ=0.85 
 
 















Annualized Volatilities for λ=0.90
Annualized Volatility Brent Annualized Volatility MSCI
Annualized Volatility Eurostocks 50
27 
 
Figure 4.7 Annualized volatilities for λ=0.95 
 
 
 From Figures 4.5, 4.6, 4.7 it is clear that as lambda values become lower, the 
memory of past observations is weaker, and as a result the volatility of the assets is 
higher. That behavior is noticeable because when shocks occur to the market with lower 
lambda values (λ=0.85), higher spikes are not declining steadily like cases with higher 
lambda values. Brent has the higher volatility between  assets, as expected because 
commodities are much more volatile than stock markets on average,  followed by the 
MSCI Index and the Eurostocks 50. More specifically with λ=0.85, Brent experiences a 
volatility on returns  higher than 60% during 2016, while that value is below 50% when 
applying a lambda value of 0.95. That asset behavior holds for the stock indices too 
where Eurostocks volatility peaked during December 2011 with a volatility of 43.56% 
and MSCI peaked in August 2011 with a volatility increase of 39.68%. Nevertheless, 
the figures are following similar patterns on irrespective of the lambda factor. The first 
spike takes place in 2009 due to the consequences of the global economic crisis. 
Regarding 2011, stocks tumbled on the so-called Black Monday of August 8, because 
the US sovereign debt was downgraded leading to a bearish market for several months 
combined with the high uncertainty due to the worsening of Eurozone crisis. Moreover, 
between 2014-2016 there was a number of macroeconomic factors influencing stock 
and Brent prices such as a great decline on China’s demand during 2014, the U.S dollar 
depreciation from the FED and the unwillingness of Saudi Arabia to reduce oil 
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unreported results, where the extreme volatility on the first six months of 2020 is the 
result of the COVID-19 pandemic, heavily affecting oil prices and stock markets.  
 
4.4 GARCH model estimates 
 On the next step, the multivariate Garch model parameters were calibrated in a 
tri-variate setting, i.e., including the three assets. Figures 4.8, 4.9 portray the annualized 
volatilities and the correlation estimates, respectively. 
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 On Figure 4.8 the GARCH volatility of the three assets are presented, and as 
analyzed by the descriptive statistics the Brent volatility is the higher among assets from 
2014 and after on, mainly due to the aforementioned supply shocks and regulation 
changes. Generally, GARCH has a similar pattern with the EWMA model with lambda 
value λ=0.90 because it produces lower values for volatility spikes  than λ=0.85, but 
also has a weaker memory between observations than the λ=0.95 EWMA model, 
resulting on lower volatility changes. The Eurostocks 50 index seems to be the more 
volatile asset during 2010-2012 because the financial crisis consequences and the MSCI 
Europe Energy Index volatility lies between the other assets because it tracks the energy 




















 Regarding the correlation estimates between assets on Figure 4.9, it is observed 
that the correlation ranges between 0.6 and -0.6 through the entire sample period. More 
specifically, the correlation between Brent and Eurostocks 50 returns has a mean value 
of μ1 = 0.178199, implying a positive correlation that can offer diversification benefits 
because of its small value and also the correlation remains positive across the entire 
sample period. Additionally, looking on the correlation between Brent-MSCI and 
Eurostocks 50-MSCI with mean values of   μ2 = -0.027514and μ3 =- 0.001568, 
respectively, there are negative mean values implying that the diversification benefits 
could be higher reducing the total risk of these securities, but also limit potential 
returns. Finally, the correlation between Brent and MSCI fluctuates more heavily than 
the others, presenting the most negative values between 2009-2010, but also increasing 
significantly in 2016. Once again, that result confirms the hypothesis that the index is 
closely correlated to the oil price on periods of high volatility. 
 
4.4.1 Variance coefficients 
 On this section, the transformed variance coefficients of the multivariate 
GARCH model will be presented on Table 4.10 and the significance of each of these 
coefficients to the corresponding equations. It is important to mention on this point, that 
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the Eviews denotation of the GARCH equation using Diagonal VECH as a covariance 
specification is the following: 
 GARCH = ζ + αi*RESID(- 1)*RESID(-1)' + βi*GARCH(-1),               (13) 
where ζ is the constant term, αi is the coefficient of the error term(residual) and βi 
represents the coefficient of the lagged value at t-1. Additionally, the numbers of the 
coefficients indicate the assets of the portfolio and more specifically: 
1 = Brent 
2 = MSCI Europe Energy Index. 
3 = Eurostocks 50. 
 
Table 4.10 Transformed variance Coefficients 
Coefficients Coefficient 
Values 
Standard Error Probability 
ζ(1,1) 2.73E-05 (1.17E-05) 0.0202* 
ζ(1,2) -1.00E-06 (3.21E-06) 0.7555 
ζ(1,3) 5.36E-06 (5.26E-06) 0.3086 
ζ(2,2) 2.98E-05 (1.34E-05) 0.0262* 
ζ(2,3) -6.00E-07 (2.96E-06) 0.8391 
ζ(3,3) 2.93E-05 (1.48E-05) 0.0476* 
α(1,1) 0.110470 (0.022940) 0.0000* 
α(1,2) 0.099607 (0.021014) 0.0000* 
α(1,3) 0.106695 (0.026470) 0.0001* 
α(2,2) 0.089812 (0.025858) 0.0005* 
α(2,3) 0.096204 (0.022187) 0.0000* 
α(3,3) 0.103050 (0.027074) 0.0001* 
β(1,1) 0.868440 (0.024189) 0.0000* 
β(1,2) 0.870587 (0.039285) 0.0000* 
β(1,3) 0.862971 (0.042030) 0.0000* 
β(2,2) 0.872740 (0.033054) 0.0000* 
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β(2,3) 0.865104 (0.046083) 0.0000* 
β(3,3) 0.857536 (0.036625) 0.0000* 
Significance at 0.01 level: * 
Significance at 0.05 level:** 
Significance at 0.10 level:*** 
 
 From Table 4.10 it is observed that any α(residuals) and β(Garch) coefficients 
are significant at the 99% level with a p-value less than 0.01. Additionally, half of the 
constant term coefficients are significant on the 99% level, while ζ(1,2) , ζ(1,3) and 
ζ(2,3) remain insignificant. Especially for ζ(1,2) and ζ(2,3) coefficients which do not 
comply with the positive constraint of equation 11 (ζ>0) they are statistically equally to 
zero and as a result do not affect the calculations. 
 
4.5 Comparison with alternatives 
 On this section, a number of performance metrics will be calculated, including 
the root mean squared error, the mean absolute squared error and the mean error for 
each models and then the appropriate comparisons will be made, in order to test the 
accuracy of each model to the portfolio. Furthermore, the Value-at-Risk(VaR) will be 
calculated to examine the failure rate of each model. This section is separated into two 
parts, the in-sample analysis to find out which models fits better the data and after that 
the out-of-sample analysis in order to calculate which models has the best forecasting 
ability.  
 
4.5.1 In-sample statistics 
 The in-sample analysis includes the three EWMA models for each lambda 
value, and the multi-variate GARCH model. The sample period for this analysis 
includes data from 29-05-2009 to 03/08/2018 as the last 104 observations (the last 2 
years of the sample), were used for the out-of-sample analysis. On Table 4.11, the in-
sample statistics are presented, where the root mean square error, the mean absolute 
squared error and the mean error were calculated (and presented multiplied by 100 for 





Table 4.11 In-sample statistics 
 Estimation models 
λ=0.85 λ=0.90 λ=0.95 Garch 
Panel A: RMSE (Root Mean Squared Error) 
Brent 2.502 2.497 2.506 2.486 
MSCI 1.955 1.940 1.945 1.927 
Eurostocks 50 1.753 1.750 1.765 1.736 
Sum 6.210 6.188 6.216 6.149 
Panel B: MAE (Mean Absolute Error) 
Brent 1.949 1.953 1.977 1.972 
MSCI 1.516 1.519 1.541 1.523 
Eurostocks 50 1.373 1.380 1.407 1.392 
Sum 4.837 4.852 4.924 4.887 
Panel C: ME (Mean Error) 
Brent 0.689 (0.6868) 0.732 (0.6889) 0.797 (0.7035) 0.813 (0.7035) 
MSCI 0.547 (0.6784) 0.578 (0.6951) 0.632 (0.7077) 0.649 (0.7286) 
Eurostocks 50 0.477 (0.6638) 0.509 (0.6722) 0.565 (0.7160) 0.552 (0.6993) 
Sum 1.712 1.819 1.994 2.014 
Panel D: 1% VaR failure rate (long positions) 
Brent 2% 0% 0% 0% 
MSCI 3% 0% 0% 0% 
Eurostocks 50 2% 0% 0% 0% 
Panel E: 1% VaR failure rate (short positions) 
Brent 2% 1% 1% 1% 
MSCI 1% 1% 0% 0% 
Eurostocks 50 1% 1% 1% 1% 
 
 Before interpreting results, it is crucial to mention that the error metrics that 
were used (Root Mean Squared Error, Mean Absolute Error, Mean Error) are 
symmetric, meaning that they attach an equal weight in over/under predictions of 
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volatility of similar magnitude, and that effect could lead to biased conclusions in model 
selection (Balaban et al., 2006). On Table 4.11 the root mean square error metrics are 
presented and it is clear that the Garch model has the lower RMSE values indicating 
that it’s  the most accurate model that fits the data with a sum value of 6.149. Regarding 
the mean absolute error metrics, the EWMA model with a lambda factor of λ=0.85 
gives the lower values for every asset in the portfolio indicating that this model better 
fits to the dataset and for that reason, offers a more precise interpretation for the sample. 
That result disagrees with the above metric (RMSE). Not surprisingly, the model with a 
lambda value of 0.85, outperforms the rest of the models with the lower values for each 
asset, as observed by the MAE. Overall, the results suggest that a lambda factor of 0.85 
produces the most robust results for in-sample analysis. It is important to mention here, 
that the frequencies of the mean errors are far above 0.5 (between 0.65-0.75) suggesting 
that the models are conservative and overestimate risk for that sample period. However, 
the negative skewness noticed on unreported results for every model, implies that the 
negative values are much more extreme than positive ones. 
 On the next step, the Value-at-Risk (VaR) was calculated, based on a confidence 
interval of 99%, (1% VaR). To calculate VaR we consider equation 14: 
1% VaR= σ * 𝐹𝑎=0.01
−1  ,                                                                            (14) 
where σ is the volatility of returns and 𝐹𝑎=0.01
−1  is the inverse of the normal cumulative 
distribution function with a significance level of 1%. From Eq.14, it is clear that the 
VaR depends on both the confidence level and the distribution of the returns (Harris and 
Shen, 2006).After that, the failure rate of each model is calculated based on the number 
of observations on which returns exceeds 1% VaR. On Table 4.11 the results are 
presented depending on the position (long or short) of the potential investor. Regarding 
the long positions of a potential investor, it is clear that on most of the cases the failure 
rates do not deviate from zero suggesting that the models are conservative and 
underestimate risk through the sample period. More specifically, the EWMA model 
with λ=0.85, seems to be the less strict model with failure rates of 2%,3%,2% for Brent, 
MSCI and Eurostocks 50, respectively. That result could occur because of the fact that 
the lower lambda value represents a weaker relationship between an observation and its 
previous one, while the other models have a stronger memory of past observations and 
for that reason, the λ=0.85 model does not incorporate volatility changes effectively. 
Also, that finding could indicate that the EWMA (λ=0.85) model has a more 
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conservative VaR approach, overestimating potential risk for an investor and that could 
lead to investing capital in unprofitable forms. A potential investor who chooses to 
apply a short strategy could marginally benefit from the failure rates, and the volatility 
deviation from returns. Brent and Eurostocks have a 1% failure rate for all models 
(especially Brent has a 2% failure rate for λ=0.85), while the failure rate of the MSCI 
index deviates from zero only for the first two models (for λ=0.85, λ=0.90). 
 
4.5.2 Out-of- sample statistics 
 On this section the GARCH model was compared to the alternative models with 
the use of accuracy metrics to identify the forecasting ability of the models. That 
analysis would be helpful in order to identify the better out-of-sample model fit that is 
used later on, for the different portfolio selection and optimization strategies. These 
metrics take place between 10/8/2018 – 31/07/2020 and represent the out-of-sample 
forecast horizon of the models. On Table 4.12  the error metrics were calculated and 
also the 1% VaR failure rates both for long and short positions. 
 
Table 4.12 Out-of-sample statistics 
 Estimation models 
λ=0.85 λ=0.90 λ=0.95 Garch 
Panel A: RMSE (Root Mean Squared Error) 
Brent 6.405 6.580 6.639 6.163 
MSCI 4.727 4.687 4.545 3.692 
Eurostocks 50 2.972 2.922 2.826 3.229 
Sum 14.104 14.190 14.010 13.085 
Panel B: MAE (Mean Absolute Error) 
Brent 3.917 3.976 3.966 4.281 
MSCI 2.721 2.660 2.481 2.190 
Eurostocks 50 1.781 1.750 1.661 1.623 
Sum 8.418 8.386 8.107 8.094 
Panel C: ME (Mean Error) 
Brent 1.112 (0.6442) 0.940 (0.6538) 0.412 (0.6634) 0.816 (0.6538) 
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MSCI 0.881 (0.6538) 0.825 (0.6826) 0.549 (0.7019) 0.679 (0.7019) 
Eurostocks 50 0.571 (0.6923) 0.525 (0.6730) 0.357 (0.6923) 0.619 (0.7403) 
Sum 2.564 2.291 1.317 2.114 
Panel D: 1% VaR failure rate (long positions) 
Brent 4% 3% 8% 3% 
MSCI 5% 5% 4% 4% 
Eurostocks 50 6% 6% 4% 2% 
Panel E: 1% VaR failure rate (short positions) 
Brent 1% 1% 0% 0% 
MSCI 0% 0% 0% 0% 
Eurostocks 50 1% 1% 1% 0% 
 
On Table 4.12 the root mean squared error was calculated for each model and 
the results indicate that the multivariate Garch model is the most accurate for the 
portfolio construction. More specifically, Garch has the lowest RMSE values for Brent 
and MSCI assets, while Eurostocks 50 seems to be better defined by the EWMA model 
with a lambda value of λ=0.95. Nevertheless, these findings don’t agree with the results 
of  Tse (1991) and Tse and Tung (1992), who argue that EWMA models produce better 
volatility forecasts than GARCH models, and that could be explained by the fact that 
these reports take into account asymmetric loss functions, which penalize over/under 
prediction of the errors. The mean absolute error metrics leads to the same conclusion as 
with RMSE metric. On this case, Garch model seems to be the most precise with a sum 
of 8.094, however the Brent seems to be better explained by the EWMA model for 
λ=0.85. Regarding the mean error metrics, it is important to mention that the mean error 
indicator has its lower value on the EWMA model with a lambda factor of λ=0.95 
(1.317). Also, the frequency of the mean errors is above 0.5 for every model, meaning 
that most of the observations are positive and as a result the models are conservative 
and biased towards overestimating risk. However, due to the negative skewness 
observed during the calculations, it is concluded that the possibility of negative mean 
error values is higher than positive ones. However, it should be clear that the mean error 
suffers from the fact that large positive or negative errors could offset each other and 
produce unreliable results. That overestimation of risk agrees with the results of 
Brailsford and Faff (1996) and Balaban et al., (2006), who argue that both GARCH and 
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EWMA models are sensitive to error statistics used to assess the forecasting accuracy. 
Overall, the GARCH models outperforms the EWMA models into 2 out of 3 metrics 
and seems to be the most optimal model for out-of-sample analysis. 
On the next step, as with the in-sample analysis the out-of-sample failure rates 
of the Value-at-Risk (VaR) for all models were calculated. These results are presented 
on Panel D and E of Table 4.12,  depending on the position (long or short) of the 
potential investor. Assuming that a potential investor holds a long position on the 
portfolio, it seems that the multivariate-Garch is the most consistent among models. 
That result was partly expected due to the fact that all the forecasting metrics calculated 
above lead to the conclusion that the Garch is the most appropriate model for out-of-
sample analysis. Moreover, the model fails to predict Brent returns on 3% of out-of-
sample cases, as happens with the EWMA model with λ=0.90, while the percentages for 
MSCI and Eurostocks is 4% and 2% respectively. Especially for the MSCI index the 
EWMA model with λ=0.95 has the same failure rate as Garch does. However, on all 
three assets GARCH produces the smallest failure rate for long positions and for that 
reason it represents the most suitable and consistent model. Also, that finding agrees 
with Giot and Laurent (2003), who argue that the RiskMetrics VaR performs poorly 
out-of sample to the 1% level, compared to Garch – class models. Regarding the failure 
rate of a potential investor willing to take a short position in the portfolio, the results 
suggest that the portfolio is not suitable for short positions because the 0% failure rate 
indicates that the volatility of the models is always lower that the asset returns, and so 
there is not the possibility for a potential investor to have economic gains in terms of 
volatility from shorting the portfolio assets. Generally, comparing the results with the 
in-sample failure rates both for long and short positions, the VaR with a small α value 
(α=0.01) seems to capture the fat-tailed behavior of returns for the multivariate Garch 
model and as a result there are not significant differences for out-of-sample failure rates, 
a result that is also confirmed by the paper of Lanouar (2016), who studied energy 
future volatility. 
 
4.6 Portfolio optimization and selection 
 On this section the optimal weights of the three assets and the risk-free asset 
were calculated based on 22 different portfolio combinations separated into equally 
weighted portfolios with or without the risk-free asset (weights are 1/N for N assets), 
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portfolios combined only with stocks (without the Brent commodity), and portfolios 
combining the three assets. More specifically, the portfolios were further separated into 
sub-categories of constant variance-covariance matrix, time-varying volatility using a 
rolling system for 4 different time periods, and also the three EWMA models and the 
multi-variate GARCH approach. The calculations were made upon the time interval of 
the last two years of the sample which was used as the forecasting horizon from 
10/08/2018 – 31/07/2020 leading to a matrix of 104x22 optimal weights for each of the 
four assets. Finally, two different strategies were created depending on the willingness 
of a potential investor to maximize return (maximum return strategy) or to minimize 
portfolio’s volatility (minimum volatility strategy). The mean annualized return, the 
annualized volatility, and the Sharpe Ratio (SR) of each portfolio are presented on the 
following table.  
Table 4.13 Performance metrics for portfolio strategies 




Mean Volatility SR Mean Volatility SR 
P1. 1/N (Stocks) -18.40% 25.20% -0.730 -18.40% 25.20% -0.730 
P2. 1/N (Stocks, Rf) -12.08% 16.80% -0.719 -12.08% 16.80% -0.719 
P3. 1/N (Stocks, Oil) -21.43% 29.63% -0.723 -21.43% 29.63% -0.723 
P4. 1/N (Stocks, Oil, Rf)   -15.93% 22.22% -0.717 -15.93% 22.22% -0.717 
P5. Const.VCV (Stocks, Rf) 19.94% 23.93% 0.833 10.19% 11.90% 0.856 
P6. Roll(all) (Stocks, Rf) 18.76% 20.69% 0.907 10.05% 11.85% 0.848 
P7. Roll(5y) (Stocks, Rf) 17.09% 18.53% 0.922 9.74% 11.80% 0.825 
P8. Roll(2y) (Stocks, Rf) 17.08% 17.48% 0.977 9.35% 11.71% 0.799 
P9. Roll(1y) (Stocks, Rf) 14.19% 14.91% 0.951 8.84% 11.64% 0.759 
P10. EWMA(0.85) (Stocks, Rf) 21.29% 16.83% 1.265 13.34% 13.09% 1.019 
P11. EWMA(0.90) (Stocks, Rf) 21.05% 16.88% 1.247 12.59% 12.86% 0.979 
P12. EWMA(0.95) (Stocks, Rf) 21.56% 17.87% 1.207 11.76% 12.59% 0.934 
P13. GARCH (Stocks, Rf) 19.76% 16.12% 1.226 11.89% 12.55% 0.947 
P14. Const.VCV (Stocks, Oil, Rf) 23.98% 25.41% 0.944 10.18% 10.44% 0.974 
P15. Roll(all) (Stocks, Oil, Rf) 23.65% 20.68% 1.144 10.74% 9.95% 1.079 
38 
 
P16. Roll(5y) (Stocks, Oil, Rf) 21.36% 17.77% 1.202 10.73% 9.69% 1.108 
P17. Roll(2y) (Stocks, Oil, Rf) 22.36% 16.39% 1.364 11.26% 9.14% 1.232 
P18. Roll(1y) (Stocks, Oil, Rf) 19.85% 14.06% 1.412 10.95% 8.80% 1.245 
P19. EWMA(0.85) (Stocks, Oil, 
Rf) 
37.27% 19.38% 1.923 24.04% 13.13% 1.831 
P20. EWMA(0.90) (Stocks, Oil, 
Rf) 
35.87% 19.00% 1.888 22.34% 12.94% 1.727 
P21. EWMA(0.95) (Stocks, Oil, 
Rf) 
35.02% 19.51% 1.795 20.05% 12.56% 1.596 
P22. GARCH (Stocks, Oil, Rf) 33.41% 18.23% 1.833 21.54% 12.39% 1.738 
 
 On Table 4.13 the performance metrics for every portfolio are presented 
separated into two main categories depending on the willingness of a potential investor 
to maximize the return of the portfolio or to minimize its volatility. It is important to 
mention here that for the maximization return function the target volatility was set to 
σp=12% and for the minimization of the volatility the target return was set to μp=10%. 
Also, short selling is allowed for the portfolios and for that reason there are not non 
negativity constraints for the portfolio weights. Short selling is a popular technique 
mainly used by experienced traders/investors due to the theoretical possibility of infinite 
losses (extremely risky on some situations), and it was considered on the analysis in 
order to add flexibility to potential strategies. Moreover, Pouliasis and Papapostolou 
(2018) found only marginal benefits when examining constrained versus unconstrained 
portfolios. 
  To start with the analysis of the performance metrics, the first four portfolios 
(P1-P4) consist of equally weighted stocks with the existence of the risk-free asset P1, 
P3 or with the existence of the commodity P3,P4. For these portfolios, the mean 
annualized return is negative for both optimization strategies and so on an investor 
cannot make profit and should not follow these approaches. Moreover, P5-P13 
portfolios do not contain the commodity (Brent), and are separated into three sub-
categories. The P5 portfolio relies on a constant variance-covariance matrix based on 
historical data, P6-P9 apply a time-varying volatility strategy (rolling) based on 
different time spans of historical data, while P10-P13 refer to the three EWMA models 
with different lambda factors and the multi-variate Garch model. Regarding the 
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maximum return strategy, it is clear that the EWMA models and the Garch models 
outperform the rest in terms of mean return and also in terms of Sharpe Ratio (SR). The 
maximum return is given by P12 portfolio with a lambda factor of λ=0.95, while P10 
portfolio gives the higher SR with a value of 1.265 between these models. That is the 
case with the minimum volatility strategy too where the P10 portfolio reflects the 
optimal risk-return tradeoff with the higher SR = 1.019. Overall, the rolling time-
varying volatility portfolios do not perform so well as the proposed models and as a 
result an investor should investigate if the existence of Brent in the portfolio yields 
more optimal portfolios. 
 On this line of reasoning, the portfolios P14-P22 that were constructed include 
the commodity (Brent) to examine potential diversification benefits and follow the same 
techniques as seen on portfolios P5-P13. It is obvious that the addition of the 
commodity on the portfolio offers diversification benefits and produces better results, 
because every portfolio from the previous analysis is outperformed from the 
commodity-added portfolios. The maximum return portfolio is P19, the EWMA model 
with a lambda value of λ=0.85,  with a mean return of μ=37.27% , volatility of σ= 
19.38% and also offers the highest risk-return tradeoff among portfolios with a Sharpe 
Ratio of SR = 1.923. Unsurprisingly, that portfolio dominates on the volatility 
minimization strategy too as the optimal combination of risk and return with mean 
return μ=24.04% , volatility σ=13.13% and a Sharpe ratio of SR =1.831. Furthermore, 
the three EWMA models and the multi-variate Garch when adding Brent to the portfolio 
outperform the other models in terms of Sharpe Ratio. Finally, the minimum volatility 
that an investor could achieve by the combination of these particular assets is 
represented by the model P18, which is the time-varying volatility model with a rolling 
window of 52 weeks, which offers volatilities of σ1 = 14.06% and σ2 = 8.80% for each 
strategy, respectively. That result is in line with the findings of Balaban et al., (2016) , 
who argue that using standard symmetric error measures (including developed countries 
such as Europe), and in situations where the direction of forecast errors is equally 
important (on portfolio selection process), the EWMA models outperform the 
alternatives and are recommended.  
Following Pouliasis and Papapostolou (2018) findings, the portfolio analysis 
confirms that adding the commodity to the portfolio offers substantial benefits for an 
investor independent of the optimization strategy. More specifically, the maximum 
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return strategy provides an average return, 28.09% compared to 18.97% on the 
portfolios without the commodity with a similar level of average risk, 18.94% to 
18.14% respectively. Additionally, the commodity portfolios outperforms the non-
commodity ones, in term of Sharpe Ratios with an average of 1.50 compared to 1.06. 
Regarding the minimum volatility strategy, portfolios with Brent have an average return 
of μ=15.76% compared to μ=10.86% on non-commodity portfolios, while the average 
volatility is 11% compared to 12.22% respectively. Finally, the Sharpe ratio is SR=1.39 
on average compared to SR=0.89. These findings are in line with the literature 
indicating that adding a commodity to an investor’s portfolio can provide several 
benefits in terms of return, volatility and as a result optimal risk-return tradeoff. 
Additionally, the volatility timing strategies dominate the static portfolios which are 
based on constant variance-covariance matrices and as a result volatility timing adds 
economic value to the portfolios (Fleming et al., 2003). 
 
4.7 Performance fee 
 Another important aspect of the analysis is the degree in which a potential 
investor is willing to pay a performance fee in order to switch from a static to a dynamic 
portfolio, or even from a non-commodity to a commodity portfolio. With respect to 
equation (6), the performance fees were calculated for both strategies and the Θ values 
were calculated for the pre-defined forecasting horizon (last two years out-of-sample). 
A further separation was made depending on the risk-aversion of a potential investor 
and two γ values were considered: γ=1, γ=10 following the paper of Fleming et al., 
(2003). The results are presented on Table 4.14 on annualized basis points(bps). 
 
Table 4.14 Performance fees (annualized bps) 
 Maximum Return Minimum Volatility 
γ=1 γ=10 γ=1 γ=10 
P4-P19 5349 bps 5373 bps 4077 bps 4142 bps 
P5-P19 1782 bps 1822 bps 1378 bps 1372 bps 
P10-P19 1575 bps 1556 bps  1069 bps 1070 bps 




 The performance fees (Θ) are presented on Table 4.14 for both strategies and 
also depending on the risk-aversion parameter (γ). Results indicate that an investor is 
willing to pay more than 1000 basis point (bps) or 10% of his return per annum in order 
to switch from the static portfolios (P4,P5,P14) or the portfolio without the commodity 
(P10) to the most optimal portfolio (P19). More specifically, the equally weighted 
portfolio (P4), including the three assets and the risk-free asset requires a large annual 
performance fee between 5349-5373 bps for the maximum return strategy and 4077-
4142 bps for the minimum volatility strategy in order to switch to the optimal portfolio. 
That large performance fee for the equally weighted portfolio could be explained by the 
fact that the portfolio is static and also that the equally weighted allocation is extremely 
arbitrary for an investor to adapt this strategy. Regarding the MaxR strategy, switching 
from a static to a dynamic portfolio would require a fee of 1782-1822 bps for the static 
portfolio which does not include the commodity (P5) with an average increase of 
SR=1.09 and 1395-1451 bps for the static portfolio which includes the commodity 
(P14) in order to increase the average SR= 0.979 . Also, the fee for switching from the 
time-varying  λ=0.85 portfolio not including Brent to the corresponding Brent portfolio 
is between 1556-1575 annualized bps for the MaxR strategy depending on the risk 
aversion of the potential investor with an increase to SR = 0.658. Apparently, the 
performance fee that a potential investor is willing to pay for the MaxR strategy is 
related to the optimal risk-return profile of his portfolio, an increase on the Sharpe 
Ratio, on some degree but that’s not the case for the P10 portfolio when an investor 
pays more in order to switch to the optimal portfolio but with a smaller increase on the 
SR compared to P14 portfolio. Nevertheless, that result was partially expected because 
an investor adapting the MaxR strategy is not willing to sacrifice the largest possible 
return that his/her portfolio could achieve for the sake of risk. That assumption holds 
even for a risk-averse investor (γ=10), who pays more to maximize returns (1556 bps 
for an average increase of μ=2.69%) than the SR (1451 bps for an average increase of 
SR=0.321).  
 An alternative approach for an investor would be to follow the minimum 
volatility (MinV) strategy depending on his/her risk-aversion.. Except from the equally 
weighted portfolio which requires huge fees for an investor to switch to the optimal 
portfolio, between 4077-4142 p.a bps mainly because the portfolio weights are 
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arbitrarily set, the rest of the portfolios range from 1069-1378 bps p.a. More 
specifically, the static portfolio without the commodity (P5) requires a performance fee 
of 1372-1378 bps p.a to switch to the optimal portfolio (P19) for an average increase of 
SR=0.975 but with an increase of volatility σ=1.23% . That result indicates that even for 
the MinV strategy an investor is eager to take more risk in favor of huge returns 
difference μ=13.85% p.a . Furthermore, the static portfolio including Brent (P14) 
requires an annual fee of 1358-1371 bps for an investor in order to switch to the most 
optimal portfolio, which is a less more than the previous case due to the better 
diversification benefits that the Brent asset offers. On this case, an investor is willing to 
take σ=2.69% more risk in order to improve his/her portfolio payoff with an average 
increase of SR= 0.857 and returns μ=13.86%. Moreover, an investor is willing to pay 
less than any combination in order to switch from the non-commodity to the Brent 
portfolio (P10-P19) with 1069-1070 p.a bps. That result could be explained by the fact 
that although the volatility is higher compared to other portfolio pairs (P5-P19, P14-
P19) the P10 portfolio has the higher Sharpe Ratio (SR=1.019).  
 Finally, it is important to examine how the degree of risk aversion that an 
investor is willing to take is reflected to the performance fees. For the equally weighted 
portfolio (P4), a more risk-averse investor (γ=10) is willing to pay more for both the 
MaxR and MinV strategies in order to switch from a static to a dynamic portfolio but 
that notion doesn’t hold for the rest of the portfolio pairs. More specifically, for the 
static non-commodity portfolio (P5) a risk-averse investor is eager to pay 40 bps p.a 
more to switch from the static to the dynamic portfolio on the MaxR strategy but pays 
less (6 bps p.a) for the corresponding MinV strategy. That result could be partially 
explained by the fact that the MaxR strategy has a substantial difference on returns 
(17.33% more), while for the MinV strategy the optimal portfolio includes higher risk 
than the static one (1.23%). Also, that behavior is reflected on the other static portfolio 
which includes the commodity (P14), where a risk-averse investor pays 56 bps p.a more 
in order to gain 13.29% of excess return for the MaxR strategy but pays 13 bps p.a less 
because the optimal portfolio includes 2.69% more risk p.a for the MinV strategy. Last 
but not least, regarding the dynamic portfolio without the commodity (P10), a risk-
averse investor is willing to pay 19 bps p.a less for the MaxR strategy irrespective of 
returns, because the optimal portfolio (P19) includes higher annualized risk of σ=2.55%, 
but for the MinV strategy an investor is willing to pay only 1 basis point per annum 
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more because the volatility difference with the optimal portfolio is marginal (σ-0.04%) 
and as a result he/she expects to benefit from the SR=0.812 increase. 
A general conclusion that could be made, is that an investor would pay less to 
switch from any portfolio to the optimal one on the MinV compared to the MaxR 
strategy. That result could be explained by the fact that time-varying volatility strategies 
are more suitable for trading and firms with short-term revenue expectations (hedge 
funds) than value investors or long-term investment vehicles (mutual funds). Moreover, 
the MinV strategy is not beneficial for an investor in terms of volatility reduction 
compared to the optimal portfolio but offers much higher Sharpe Ratios and as a result 
an investor is willing to pay a performance fee in order to benefit from the optimal risk-
return tradeoff. However, a risk-averse investor is not willing to sacrifice volatility, 
upside risk potential, independent of potential excess returns and optimal tradeoffs. That 
result could be also explained by the fact that because the out-of-sample forecast 
horizon is relatively small (2 years, 104 observations), a low risk-averse investor seems 
to be less attracted by the resulting portfolios compared to a higher risk-averse investor 
and for that reason he is willing to pay a smaller performance fee on some cases 
(Fleming et al., 2001).  
 
4.8 Robustness check: Transaction costs  
 An investor that is eager to implement a time-varying volatility strategy should 
consider the impact of transactions costs on the profitability of his/her portfolio. If the 
potential gains are diminishing due to the weekly rebalancing of the portfolio, then an 
investor would choose a less accurate but also less variable portfolio strategy. The 
transactions costs for the out-of- sample analysis are subtracted from the net portfolio 
return ex-post, based on Marquering and Verbeek (2004), Pouliasis and Papapostolou 





𝜄=1 -wi,t|),        (15) 
where tc is the proportional transaction cost. The cost of each trade over N assets is 
represented by the fraction ∑ |𝑤𝑖,𝑡+1
𝛮
𝜄=1 -wi,t|), which is the portion of the portfolio 
that is liquidated or reallocated according to the weekly rebalancing volatility strategies. 
Transaction costs are set to 50 basis points (bps) per transaction for stocks (stock 
indices on this occasion), based on DeMiguel et al., (2009), Gao and Nardari (2018), 35 
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bps for the commodity, Brent, and zero for the risk-free asset based on the work of 
Daskalaki and Skiadopoulos (2011). The portfolio performance after the impact of 
transaction costs is presented on Table 4.15. 
 
Table 4.15 Performance metrics including transaction costs 
 Maximum Return (σp = 
12%) 
Minimum Volatility (μp 
=10%) 
Mean Volatility SR Mean Volatility SR 
P1. 1/N (Stocks) -18.40% 25.20% -0.730 -18.40% 25.20% -0.730 
P2. 1/N (Stocks, Rf) -12.08% 16.80% -0.719 -12.08% 16.80% -0.719 
P3. 1/N (Stocks, Oil) -21.43% 29.63% -0.723 -21.43% 29.63% -0.723 
P4. 1/N (Stocks, Oil, Rf)   -15.93% 22.22% -0.717 -15.93% 22.22% -0.717 
P5. Const.VCV (Stocks, Rf) 19.94% 23.93% 0.833 10.19% 11.90% 0.856 
P6. Roll(all) (Stocks, Rf) 18.35% 20.27% 0.905 10.01% 11.81% 0.848 
P7. Roll(5y) (Stocks, Rf) 16.44% 17.94% 0.917 9.64% 11.71% 0.824 
P8. Roll(2y) (Stocks, Rf) 15.72% 16.57% 0.949 9.09% 11.47% 0.792 
P9. Roll(1y) (Stocks, Rf) 12.74% 14.06% 0.906 8.44% 11.29% 0.748 
P10. EWMA(0.85) (Stocks, Rf) 18.47% 15.21% 1.215 11.72% 11.69% 1.003 
P11. EWMA(0.90) (Stocks, Rf) 18.66% 15.54% 1.201 11.41% 11.71% 0.974 
P12. EWMA(0.95) (Stocks, Rf) 19.60% 16.66% 1.176 11.10% 11.80% 0.941 
P13. GARCH (Stocks, Rf) 18.10% 15.13% 1.196 11.12% 11.71% 0.950 
P14. Const.VCV (Stocks, Oil, Rf) 23.98% 25.41% 0.944 10.18% 10.44% 0.974 
P15. Roll(all) (Stocks, Oil, Rf) 22.58% 19.95% 1.132 10.58% 9.84% 1.076 
P16. Roll(5y) (Stocks, Oil, Rf) 20.15% 16.98% 1.187 10.51% 9.54% 1.102 
P17. Roll(2y) (Stocks, Oil, Rf) 20.13% 15.34% 1.313 10.72% 8.82% 1.216 
P18. Roll(1y) (Stocks, Oil, Rf) 17.57% 13.19% 1.332 10.24% 8.43% 1.215 
P19. EWMA(0.85) (Stocks, Oil, 
Rf) 
29.72% 16.20% 1.834 21.13% 11.69% 1.808 
P20. EWMA(0.90) (Stocks, Oil, 
Rf) 
30.43% 16.53% 1.841 20.05% 11.72% 1.711 
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P21. EWMA(0.95) (Stocks, Oil, 
Rf) 
31.12% 17.58% 1.770 18.50% 11.66% 1.587 
P22. GARCH (Stocks, Oil, Rf) 29.21% 16.16% 1.807 19.50% 11.24% 1.735 
 
On Table 4.15 the performance metrics of the potential portfolios are presented 
with respect to transaction costs. First of all, the static portfolios (including P1-P4, P5 
and P14) are not affected by transaction costs, due to the absence of weekly 
rebalancing, irrespective of the optimization strategy. Starting with the MaxR strategy, 
the rest of the potential portfolios suffer an average decline on returns of 2.54% , and 
simultaneously there are 1.31% less volatile on average due to the lower implied 
returns. As a result, Sharpe ratios have an average decline of 0.04. Generally, the results 
are robust because the EWMA models and the Garch model heavily outperform the 
rolling models in terms of returns and Sharpe ratios irrespective of the commodity 
existence. Furthermore, adding Brent to the portfolio offers substantial benefits in terms 
of returns and portfolio efficiency compared to the portfolios that do not include the 
commodity. Nevertheless, the EWMA model with a lambda factor of λ=0.95 (P21), 
offers the higher possible return of μ=31.12%, which differs from the optimal portfolio 
without transactions costs (EWMA model with λ=0.85). Additionally, the EWMA 
model with λ=0.90 including Brent, provides the optimal risk-return tradeoff with the 
higher SR=1.841.  
An investor who is willing to follow the MinV strategy also suffers from the 
presence of transactions costs. More specifically, the weekly rebalancing of dynamic 
portfolios has a negative impact on average returns of μ=0.97%, leading to a reduction 
on volatility of σ=0.66%. The Sharpe ratios are very similar with the previous case with 
a decline of SR=0.01 on average. The EWMA models and the Garch with the 
commodity existence, outperform the rest of the models in terms of returns and SR but 
with a cost in volatility. In general, the results are robust and the EWMA model with 
λ=0.85 (P19) remains the most optimal model (with SR = 1.808), and also gives the 
higher returns with μ=21.13% per annum. Also, the rolling model using historical 
observations of the most recent year and including the commodity (P18) remain the less 
risky model with volatility of σ=8.43%. Finally, it is important to mention that despite 
of the robustness of the results on both optimization strategies, the models are less 
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sensitive on the presence of transaction costs, when an investor follows the MinV 
strategy. 
 
Table 4.16 Performance fees including transaction costs (annualized bps) 
 Maximum Return Minimum Volatility 
γ=1 γ=10 γ=1 γ=10 
P4-P19 4623 bps 4669 bps 3794 bps 3866 bps 
P5-P19 1056 bps 1119 bps 1095 bps 1096 bps 
P10-P19 1117 bps 1111 bps  941 bps 941 bps 
P14-P19 669 bps 747 bps 1088 bps 1083 bps 
 
 The performance fees that an investor is willing to pay in order to switch from a 
static to a dynamic portfolio (with commodity existence), including the impact of 
transactions costs are presented on Table 4.16, taking into account the same portfolio 
pairs as on the previous case. First of all, the impact of transaction costs is obvious 
because an investor is willing to pay a smaller fee to switch to a dynamic portfolio 
including Brent at all cases, and more specifically 6.49% less on average for the MaxR 
strategy and 2.42% less for the MinV strategy leading to a total average decrease on 
performance fee of 4.45%. The smaller decrease on the performance fee on the MinV 
strategy is a result of  a smaller decrease on the potential gains of an investor compared 
to the MaxR strategy. As expected, an investor pays a large performance fee to switch 
from an equally weighted static portfolio to a dynamic one ranging from 4623-4669 bps 
per annum for the MaxR and 3794-3866 bps per annum for the MinV strategy, 
depending on the degree of his/her risk aversion. For the MaxR strategy, an investor 
pays a performance fee, which is proportional to the excess return that he/she will 
achieve switching to a Brent- dynamic portfolio. For that reason, he/she pays a fee of 
1111-1117eq bps to add Brent on his portfolio, 1056-1119 to add Brent and switch to a 
dynamic portfolio simultaneously and 669-747 bps to switch from a static to a dynamic 
portfolio. In general, adding Brent to the portfolio provides larger returns than switching 
from a static to a dynamic one. Furthermore, with respect to risk-aversion an investor 
pays a larger fee as his/her risk-aversion increases at most of the cases in order to 
benefit from lower volatility, and that’s the reason that is willing to pay less to switch 
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from P10 to P19 portfolio because there is an increase on volatility of σ=0.99% per 
annum. Finally, because P19 is not the most optimal portfolio on the MaxR strategy, the 
performance fees were calculated on unreported results, for an investor that is willing to 
switch from the P19 to P20 portfolio (EWMA model with λ=0.90),which gives the most 
optimal risk-return tradeoff with SR=1.841, or from P19 to the P21 portfolio (EWMA 
model with λ=0.95), which provides the maximum return with μ=31.12%. The 
calculations performed showed  that an investor is willing to pay 66-69 bps p.a to 
switch to P20 portfolio and 119-129 bps to switch to the P21 leading to the conclusion 
that an investor pays a higher fee for excess returns rather than higher SR value.  
 Regarding the MinV strategy, an investor pays the smaller fee compared to other 
cases in order to include Brent on his/her portfolio with 941 bps or 9.41% of excess 
returns p.a. The risk-aversion of an investor does not have an effect on performance fee 
because the P10 portfolio has the same volatility per annum as P19 (σ=11.69%), and as 
a result an investor benefits only from excess return gains (and as a result SR gain too). 
Furthermore, an investor pays 1095-1096 bps in order to switch from a static to a 
dynamic portfolio and include Brent on the portfolio (P5-P19) and a smaller fee of 
1083-1088 bps p.a to switch from a static to a dynamic one. (P14-P19). Especially for 
the last case, a risk-averse investor pays less to switch to the P19 portfolio because 

















 The scope of this dissertation is twofold, to examine whether time-varying 
volatility strategies for portfolio construction offer significant economic value compared 
to static portfolios, and also to investigate if adding a commodity to the portfolio 
provides economic benefits in terms of returns, diversification benefits and optimal 
tradeoffs of risk and return. This study focuses on the European stock market and 
includes two stock indices (MSCI Europe Energy Index, Eurostocks 50), and the Brent 
benchmark for oil prices in EU. The analysis includes 11 years of weekly returns for 
these three assets, and a risk-free asset used in accordance with the CAPM model to 
identify the capital market line of optimal portfolios and leads to a total of 22 portfolio 
combinations. Moreover, two different optimization strategies were used based on the 
willingness of an investor to maximize returns or to minimize volatility. From a total of 
22 portfolios , four portfolios are equally weighted depending on the existence of the 
risk-free asset or the commodity, two portfolios are based on a constant variance-
covariance matrix with or without the Brent commodity, eight portfolios follow a 
rolling estimation of volatility using different samples of historical observations and 
separated depending on the existence of Brent (4 portfolios each case), and the rest are 
based on three EWMA models with different lambda values (λ=0.85,0.90,0.95) and one 
multivariate GARCH model depending on the commodity existence (4 portfolios for 
each case). 
 The main findings of this dissertation are in line with the existing literature in 
financial economics about the importance of implementing time-varying volatility 
strategies in order to improve portfolio performance, and additionally the significant 
economic benefits that the existence of Brent offers to the portfolio. An important 
conclusion that could be drawn from the empirical results is that implementing time-
varying volatility strategies (rolling window, EWMA, multivariate GARCH model) a 
potential investor heavily outperforms a competitor, who uses static portfolios, in terms 
of excess returns, lower volatility and increased Sharpe ratios irrespective of the 
optimization strategy that he/she follows, a conclusion that was also noticed by Fleming 
et al., (2003). Furthermore, it is quite clear that adding Brent to the portfolios provides 
substantial economic gains to an investor while simultaneously lowering his/her risk 
leading to more optimal portfolios in terms of Sharpe ratios. More specifically, 
commodity portfolios provide an average mean of 4.90% p.a compared to non-
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commodity portfolios, while also offering a reduction in volatility by 1.22% p.a, leading 
to an average SR increase of 0.51 p.a, a result that is in line with the findings of 
Nomikos and Papapostolou (2018), who argue that commodity portfolios outperform 
non-commodity ones. Also, the portfolio including Brent and using the EWMA model 
with a lambda value of λ=0.85, performs better than the rest of the portfolios in terms of 
SR irrespective of the optimization objective, which is also argued by Balaban et al., 
(2016), who argue that the EWMA models outperform the alternatives. 
 In conjunction with the excess returns and the diversification benefits that a 
potential investor could achieve by utilizing a time-varying portfolio including Brent, 
important conclusions were drawn regarding the performance fee that a competitor 
would be willing to pay to switch from a static or a non-commodity portfolio to the 
optimal one. To start with, a potential investor is willing to pay different fees depending 
on the optimization objective that he/she follows even for the same portfolios. 
Especially for the MaxR strategy, an investor’s perspective is heavily focused towards 
maximizing returns and he/she is willing to pay a performance fee of 15.56-15.75% p.a, 
depending on the risk-aversion,  in order to switch from a static to a dynamic portfolio 
and 13.95-14.51% p.a to include Brent on the portfolio. On the other hand, for the 
MinV strategy an investor is willing to pay a smaller fee compared to the MaxR 
strategy, 10.69-10.70% p.a to switch to a Brent portfolio and 13.58-13.71% p.a in order 
to switch to dynamic portfolio, because he/she doesn’t benefit from volatility reduction 
but only average increase in Sharpe ratio through higher returns (0.812 and 0.857 
respectively). Additionally, a higher risk-averse investor is willing to pay a smaller fee 
than a lower risk-averse investor,  when switching to higher volatility portfolios 
irrespective of the optimization strategy. Another interpretation of that conclusion is 
that lower risk-averse investors are less attracted by portfolios when the investment 
horizon is relatively small (two years in the analysis), and consequently they are willing 
to pay a smaller fee, a result that is also argued by other researches (Fleming et al., 
2001). 
 After examining the presence of transaction costs, which heavily affect time-
varying volatility strategies on general, the results remain robust. More specifically, the 
two main conclusions hold irrespective of the optimization strategy because time-
varying strategies continue to outperform the static portfolios irrespective of the 
commodity existence, but also Brent adds significantly economic value to a potential 
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portfolio, in terms of excess returns and increased Sharpe ratios. The MaxR strategy has 
an average decline of μ=2.54% p.a in terms of returns due to transaction costs, while the 
portfolios are 1.13% p.a less volatile on average, with a total decline of SR=0.04. The 
MinV strategy is less sensitive to performance metrics changes with an average decline 
on return μ=0.97% p.a , a simultaneous volatility reduction of σ=0.66% p.a on average, 
leading to a total decrease on SR=0.01. Last but not least, the performance fees that a 
potential investor is willing to pay are lower on the presence of transactions cots as 
expected, and especially 6.49% p.a less for the MaxR strategy and 2.42% p.a less for 
the MinV strategy leading to a total decrease of 4.45% p.a. Unsurprisingly, the MaxR 
strategy is more sensitive than the MinV strategy on the presence of transaction costs. A 
potential investor is willing to pay a smaller performance for the MinV strategy because 
there are not volatility reduction gains for switching to the optimal portfolio, but other 
benefits such as excess return and portfolio efficiency. Also, with increasing risk 
aversion, an investor is willing to pay less for switching to the optimal portfolio if 
he/she does not benefit from volatility reduction irrespective of the optimization 
strategy. 
 
 Ultimately, the findings of this dissertation confirm the hypothesis that time-
varying volatility strategies produce higher returns, are more efficient and offer 
substantial volatility gains compared to static portfolios, depending on the optimization 
strategy that a potential investor is willing to follow. Additionally, these benefits are 
even greater when adding a commodity (on this particular case, Brent) to the portfolio, 
and are in line with the existing literature. These type of strategies are usually followed 
for short-term investment horizons and trading rather than longer-term investments 
(mutual funds), and individual investors or trading institutions (hedge funds), could 
experience significant advantages applying those strategies over competition. 
 
5.1 Limitations 
 The empirical results and the conclusions that were made on this dissertation 
should be considered in the light of some limitations. First of all, the analysis is 
restricted to the common mean – variance framework. Secondly, the sample period 
consists of eleven years of data due to the lack of data for the stock indices before 2009, 
and that result could influence the behavior of the models. Furthermore, due to 
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restricted time period for the accomplishment of this dissertation, the expected returns 
of a potential investor were assumed as constant to reduce the complexity of the models. 
Moreover, the analysis was performed on a highly financial integrated area such as 
Europe, and that effect could heavily influence the returns of the underlying assets. 
Additionally, short-selling constraints were not implemented, which allowed portfolio 
weights to be negative on some cases and this could affect portfolio performance 
metrics. Finally, the prices of the assets could suffer from high volatility on some 
periods due to the impact of the financial crisis on the early stages of the sample, but 
also due to the COVID-19 situation on the last months of the sample, which could 
influence financial markets and returns.   
 
5.2 Future research 
 Following the empirical findings and the limitations of this dissertation there are 
some interesting directions for future research. Firstly, a number of studies incorporate 
higher moments such as conditional skewness and kurtosis (Jondeau and 
Rockinged,2012 ; Gao and Nardari,2018) , for portfolio analysis and selection and an 
investor could investigate potential economic gains to the portfolio by using more  
sophisticated models to capture the time-varying conditional distributions. Also, it is 
possible to relax the assumption of constant expected returns and investigate the relation 
between time-varying expected returns and time-varying volatility. Moreover, there is 
the possibility for a researcher to proceed to a different asset selection regarding sample 
period, in order to be able to include more historical data on his/her analysis, but also in 
terms of geographical location to investigate assets from different locations in order to 
avoid financial integration and contagion. Finally, a very interesting approach could be 
to examine similar portfolios on a future date, in order to include the early financial 
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